The simulation of complex systems has received increasing attention as a useful approach in epidemiology. As discussed by Marshall and Galea in this issue of the Journal (Am J Epidemiol. 2015;181(2):92-99), systems approaches are appealing because they allow explicit recognition of feedback, interference, adaptation over time, and nonlinearities. However, they differ fundamentally from the traditional approaches to causal inference used in epidemiology in that they involve creation of a virtual world. Systems modeling can help us understand the plausible implications of the knowledge that we have and how pieces can act together in ways that we might not have predicted. It can help us integrate quantitative and qualitative information and explore basic dynamics. It can generate new questions that can be investigated through new observations or experiments. The process of building a systems model forces us to think about dynamic relationships and the ways in which they may play a role in the process we are studying. However, the validity of any causal conclusions derived from systems models hinges on the extent to which the models represent the fundamental dynamics relevant to the process in the real world. For this reason, systems modeling will never replace causal inference based on empirical observation. Causal inference based on empirical observation and simulation modeling serve interrelated but different purposes. causal inference; complex systems; methods; simulation Over the past few years, many epidemiologists have gravitated toward the tools of complex systems modeling to better understand the processes that we study (1-3). This has been motivated in part by frustration with the limitations of current approaches that are largely based on the randomized experiment or the use of observational data to mimic the randomized experiment. Clearly, populations are systems in which individuals interact with each other and with their environment, so understanding the drivers of health (and the most effective ways to improve health) requires consideration of the systems within which health is generated. No one would argue with the fact that we study systems; the challenge, however, is determining how best to draw inferences regarding the functioning of these systems in the real world.
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The dominant approach used in many sciences (including epidemiology) to study systems has been to break them down into (more tractable) component pieces and understand the impact of interrelated factors by studying them one at a time. The paradigm of this is of course the randomized experiment. In observational studies, we use a range of design and analytical approaches to mimic the randomized experiment; this underlies all causal inference techniques. This reductionist approach has often been critiqued for failing to really capture what goes on in the real world and consequently having limited ability to predict what the impact of a given intervention might be under specific circumstances of interest. Over the course of the history of science and in many different fields, there have been periodic calls for systems approaches that recognize the need to understand system functioning. However, calls for system thinking in health have for the most part been theoretical and metaphorical; there is more speculation than concrete examples of practical applications that yield new meaningful insights. Now there is the expectation that all of this will change. The growing availability and accessibility of tools that can be used to simulate the functioning of complex systems in fields like epidemiology has stimulated great curiosity and interest. It is believed that these approaches will help us better understand public health problems that we have not been able to satisfactorily address. The intellectual appeal of these approaches is great and exciting. The idea of systems resonates with all public health researchers because of the ability to integrate and comprehensively understand the dynamic relations between individuals and environments and between individuals and populations that are at the core of our discipline (4) . Applications of these approaches beyond their traditional use in infectious disease modeling have begun to appear in the literature, but they are still very tentative, filled with caveats, exploratory, and speculative. They hint at the promise but, it must be recognized, for the most part do not yet deliver meaningful new insights. As more applications appear, it becomes increasingly important to clarify for converts and skeptics alike what the link is, if any, between these complex systems approaches and the causal inference approaches that have dominated much of epidemiologic thinking and method development over the past 10-20 years. This important and challenging issue is the topic of the article by Marshall and Galea (5) in this issue of the Journal.
Marshall and Galea valiantly attempt to bridge the gap between complex systems modeling and the counterfactual theory of causation that underlies much of the process of causal inference in epidemiology. They argue that systems approaches can help us improve causal inference. They discuss how complex systems modeling (specifically agent-based modeling) can be used to simulate counterfactuals under different sets of conditions (or "treatments"). They propose notation to bridge the gap between agent-based modeling and the traditional causal inference approaches used in epidemiology. Because agent-based models are essentially made-up worlds, it is of course possible to tweak any parameter or set of parameters (apply a treatment) and evaluate the change in the outcome (i.e., simulate numerous counterfactual worlds or evaluate potential outcomes). We don't have to manipulate data to mimic what we would have observed under different conditions and we don't have to randomize individuals (hoping that the untreated are the counterfactual for the treated had they not received treatment) and wait for the outcome to develop. In systems modeling, we simply run the model and record what we observe in this alternative reality; we create the counterfactual and observe it. Most importantly, as Marshall and Galea eloquently discuss, we can compare counterfactual scenarios while allowing for feedback, interference, nonlinear effects, and adaptivity, all of which we think likely characterize many of the processes that we study.
The challenge, of course, is that there is a fundamental distinction between causal inference based on observations (as in traditional epidemiology) and causal inference based on simulation modeling. The traditional tools of epidemiology are used to extract (hopefully) reasonable conclusions from necessarily partial and incomplete (often messy) observations of the real world. We start with some sort of explicit or implicit conceptual model, we derive hypotheses about causes, and then we conduct observations and determine whether our observations are compatible with our hypotheses. In contrast, when we use the tools of complex systems, we create a virtual world (based on prior knowledge or intuition) and then explore hypotheses about causes under the assumptions encoded in this virtual world. In the simulation model, we cannot directly determine whether X causes Y in the real world (because the world in which we are working is of our own creation); we can only explore the plausible implications of changing X on levels of Y under the conditions encoded in the model. In the real world, we have fact (what we observe) and we try to infer the counterfactual condition (what we would have observed if the treatment had been different). In the simulated world, everything is counterfactual in the sense that the world and all possible scenarios are artificially created by the scientist. Determining whether the simulation model adequately encodes the basic dynamics relevant to the problem at hand as they operate in the real world is one of the most vexing problems in systems approaches.
Does this mean that systems modeling is not useful for understanding the drivers of population health? Absolutely not. However, it will never be a replacement for rigorous causal inference based on observations. Indeed, the most useful systems models will have as inputs knowledge on causes derived from observations. The beauty of systems modeling is that it can help us understand the plausible implications of the knowledge that we have and how pieces may act together in ways that we might not have predicted from our understanding of each component separately. It can help us integrate quantitative and qualitative information and explore basic dynamics. It can generate new questions or hypotheses that can be subsequently investigated through new observations or experiments. Perhaps most importantly, the process of building a system models forces us to think about dynamic relationships, feedback, adaptivity, interference, and the ways in which they might play a role in the process we are studying. In this sense, systems modeling is a healthy antidote to the obfuscation that can result from too much simplification, from thinking that the world really functions like a regression equation (rather than that regression equations are useful tools that can help us understand some aspects of how the world functions).
Critics of traditional causal inference sometimes posit that the conclusions that we draw might be incorrect because the approach used when isolating the causal effect of a single factor does not take into consideration feedback, adaptation, nonlinearity, etc. Taken to the extreme, this would preclude using any empirically based causal inference conclusions as inputs into systems simulation models (because all the answers they provide are by definition always wrong). However, surely if we believe that we cannot learn anything from observation, we are not scientists. Simplification is a prerequisite of science and is necessary to answer questions about how the world works. For many causal questions (especially those that are narrowly defined), the traditional causal inference approach that focuses on isolating the effects of a given factor can yield valid conclusions. The value of a systems model is putting all of these separate pieces together so that we better understand their implications as they act over time. The process of building the model can also help us identify areas in which we need to go back to observations. However, if the modeling is to allow valid conclusions about how the real world works, the ways in which the pieces are put together must be based at least in part on the results of observations and traditional causal inference.
Causal inference based on empirical observations and simulation modeling to explore the implications of what we know and to gain insight into basic dynamics are complementary strategies. It is healthy and refreshing that epidemiology is now engaged in incorporating the tools of systems modeling in ways that go beyond infectious disease modeling.
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However, when we draw conclusions after manipulating a systems model, we must remember that what we are manipulating is our virtual world, not the real world. We must resist the temptation to believe that we can now answer causal questions involving interdependence of causal effects or interference by comparing infinite numbers of counterfactuals unmoored from the bothersome fetters of reality. What we are observing is the functioning of our own model, not the functioning of reality. Understanding the plausible implications of interdependent causes or interference (under a set of assumptions about them encoded in our virtual world) is very different from investigating whether these processes are actually operating in the real world. Causal inference based on empirical observation and simulation modeling have different assumptions, different strengths and limitations, and most importantly, very different goals.
If it is to be useful from the point of view of knowledge generation and societal impact, epidemiology will have to continue to grapple with the challenges of extracting meaning from messy observations of the real world and understanding the implications of these observations for intervention. For this, we need as many complementary approaches as possible. Systems modeling should certainly be part of our toolbox, but it will never replace rigorous and thoughtful observation, even in the presence of complexity.
